Abstract: Integrated energy systems (IESs) are considered a trending solution for the energy crisis and environmental problems. However, the diversity of energy sources and the complexity of the IES have brought challenges to the economic operation of IESs. Aiming at achieving optimal scheduling of components, an IES operation optimization model including photovoltaic, combined heat and power generation system (CHP) and battery energy storage is developed in this paper. The goal of the optimization model is to minimize the operation cost under the system constraints. For the optimization process, an optimization principle is conducted, which achieves maximized utilization of photovoltaic by adjusting the controllable units such as energy storage and gas turbine, as well as taking into account the battery lifetime loss. In addition, an integrated energy system project is taken as a research case to validate the effectiveness of the model via the improved differential evolution algorithm (IDEA). The comparison between IDEA and a traditional differential evolution algorithm shows that IDEA could find the optimal solution faster, owing to the double variation differential strategy. The simulation results in three different battery states which show that the battery lifetime loss is an inevitable factor in the optimization model, and the optimized operation cost in 2016 drastically decreased compared with actual operation data.
Introduction
With the rapid development of society and the gradual improvement of technology, the traditional energy supply pattern is facing huge challenges, as the large scale and centralized energy supply cannot march the diverse and differential energy demand [1] . In addition, the severe energy crisis and environmental pollution problems force the energy supply pattern to be more sustainable and cleaner [2] . Hence, the integrated energy system (IES) concept, which provides flexible access to a variety of power sources, has drawn wide attention and research activity [3, 4] . The IES is an extension of traditional energy applications, and it is a physical concept of a hybrid energy system, via integrating renewable energy generation, energy storage and other energy technologies, which could achieve the collaborative operation of various power sources, while obtaining certain benefits [5] .
The integrated energy system consists of multiple energy subsystems. On the energy supply side, IES systems mainly exploit renewable energy sources such as wind power, photovoltaic and natural a bus bar structure relative to the composition and structure, and then designed a scheduling optimization model, establishing a 0-1 mixed integer linear programming model for the dynamic economic dispatch of the co-supplier. Reference [17] in order to solve the problem of load uncertainty and large scale access to renewable energy, on the basis of piecewise linearization of equipment efficiency curve model, proposed a dynamic optimal scheduling strategy based on model predictive control. Reference [18] through the establishment of a comprehensive regional energy system model, obtained an optimal solution, which made the regional integrated energy system supplied by the CHP system effectively decoupled from the thermoelectric operation constraints through the energy storage equipment, thereby exerting its economic advantages and improving the energy utilization efficiency. Reference [19] focused on the optimal scheduling strategy of a CCHP energy system from the two aspects of economic optimization goal and a stochastic approach, solving the system optimization model and emphasizing the extensive application of intelligent algorithms in the field of optimal dispatch.
In addition, the optimization methodology has a great influence on the operation results, and its resolution process generally seems as a nonlinear constraint problem. The choice of model design [20] , robust design [21] and optimization algorithm [22] , all seem to have quite an effect on the efficiency of the solution during the resolution process. A mixed-integer linear programming model is built in [23] , that could get the optimal design of hybrid energy generation systems with multiple loads, and some additional equations about the energy flow are included in the model to guarantee the effectiveness of the optimization. Besides, a robust design approach for poly generation systems is conducted in [24] , which aims to obtain the proper sizing and operation method of a hybrid energy system with a CHP generation system, whereby the robustness of the CHP configuration results is developed through Pareto solutions. Evolutionary algorithms are widely used to solve such optimization problems. A comprehensive review of the various approaches contributing to the characterization, evaluation and optimization of these systems is presented in [25] . An evaluation and comparison among adequate optimization algorithms utilized in hybrid systems is given in [26] . An optimization economy model, including the power generation unit, heat pump, photovoltaic and storage which could meet the multiple demands of users was built in [27] , where an advanced real time energy management system was proposed in order to optimize hybrid energy systems with renewable energy performance, where the object is minimizing the energy cost and carbon dioxide and pollutant emissions via use of a binary particle swarm optimization algorithm. It could be seen from the relevant reference that the application of intelligent algorithms to solve optimization problems is a common method, however the efficiency of optimization methodology is still a topic worth discussing.
Through the above research, it could be summarized that the integrated energy system is one of the trending energy supply patterns at present, so there is an urgent necessity for the exploration of optimal scheduling approaches for IES, which is an important and practical topic to be investigated. Much of work so far about the distribution part of IES has focused on the operation optimization based on different assumptions about conditions, and it has been demonstrated in a number of studies that different battery energy states will affect the power output to a certain extent, and there are not many studies that take the depreciation of the battery into consideration. To enhance the depth of research and improve the effectiveness of optimization in the distribution part, this paper proposed an optimization model of an IES equipped with photovoltaic (PV), BESS and a CHP generation system, while considering the battery lifetime loss. Due to the motivation of the economic dispatch of various components, an operation optimization model of an IES is established according to the coupling characteristics of heating and electric loads, and the corresponding optimization principle is put forward, as well as taking into account the coordinative operation of each units and maximization utilization of photovoltaic.
This paper aims to obtain the minimum operation cost of IES while considering battery lifetime loss. First the problem is outlined by taking into account the operation cost of the system units, then the optimization model is validated by the improved differential evolution algorithm in three Energies 2018, 11, 1676 4 of 21 different energy states of the battery. In addition, a case study of an IES project which was put into operation in 2016 is analyzed in this paper. Compared with the operation data of the project, the optimized operation cost under the optimization principle in this paper could effectively decrease. The paper is structured as follows: the model of the integrated energy system is presented in Section 2. Section 3 describes the optimization model of the problem. The improved differential evolution algorithm methodology is proposed in Section 4, while the case study and conclusions are presented in Sections 5 and 6, respectively. The contributions of this paper can be summarized as follows:
1.
We formulate an optimal scheduling problem of an IES to minimize the operation cost, which considers the randomness in stochastic renewable energy, multiple energy demands and depreciation cost of the battery for different lifetime losses.
2.
The operation optimization model is verified in a case of an IES project including PV, CHP and BESS via the improved differential evolution algorithm, and a double variation strategy is applied in the IDEA to improve the validity of the solution.
3.
The simulation results are analyzed, and based on the comparison with the general optimization method, which neglects battery lifetime loss in operation, we could achieve a satisfactory operation cost, and subsequent research could draw on the experience of the research results.
Model of the Integrated Energy System
The IES consists of a variety of energy inputs as well as multiple load outputs. This paper presents a typical IES consisting of photovoltaic, a CHP generation system, and a battery energy storage system, which could provide heating and electric power. The structure of the IES is shown in Figure 1 .
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The IES consists of a variety of energy inputs as well as multiple load outputs. This paper presents a typical IES consisting of photovoltaic, a CHP generation system, and a battery energy storage system, which could provide heating and electric power. The structure of the IES is shown in Figure 1 . This paper is focused on the optimization in the distribution side of IES. It could be seen from Figure 1 that the system includes photovoltaic energy input and natural gas input, the information input consists of the renewable energy state and multiple load state, the energy price part includes the natural gas price and electricity price, the operation state part includes the battery state reflected This paper is focused on the optimization in the distribution side of IES. It could be seen from Figure 1 that the system includes photovoltaic energy input and natural gas input, the information input consists of the renewable energy state and multiple load state, the energy price part includes the natural gas price and electricity price, the operation state part includes the battery state reflected by the state of charge (SOC), and the gas turbine working state. According to the above parts the optimal scheduling of IES is determined the optimization model below. The mathematical models of BESS, photovoltaic and CHP power generation are presented in [28, 29] .
PV Output Model
The output power of the photovoltaic (PV) depends on the photovoltaic radiation intensity and PV module temperature, which is defined as:
where f pv is the photovoltaic output energy conversion efficiency, 0.9; P r,pv is the PV rated power, kW; A is the photovoltaic actual radiation intensity, W/sr; A s is the rated radiation intensity, W/sr; α p is the power temperature coefficient (0.47%/K), T r is the rated PV module temperature, K; T pv is the actual temperature of the PV module, K.
Energy Storage Output Model
The battery energy storage device used in this paper is a lithium-ion battery with a two state reliability mathematical model. The time sequence value of battery charging and discharging state not only depends on the exchange power of the external system, but also on the charging and discharging rate of the battery and its capacity limitation.
When the battery is in discharged state, the SOC is defined as:
where P bat (t) is the discharge of the battery at time t, kW; η dis is the discharge efficiency of the storage; SOC t−1 is the state of charge of the battery at time t − 1; ∆t is a simulation time interval; C bat,max is the nominal capacity of battery, kWh. When the battery is in charged state, the SOC is defined as:
where η c is the charge efficiency of the battery.
CHP Output Model
The gas turbine consists mainly of an air compressor, a gas combustion chamber, a turbine, a control system and related auxiliary equipment. Generally speaking, the gas turbine determines the type and capacity of the CHP generation system, therefore when the fuel is given, the heating power supply is a definite value, and the power generation efficiency of gas turbine is related to the output power. The amount of natural gas and the output power model are define as follows:
where Q GT (t), Q h (t) are the residual heat of exhaust and heating capacity at time t, kWh; P e (t) is the electric power output at time t, kW; η e (t) is the generator efficiency; η l is the heat loss coefficient of gas turbine; V MT is the consumption per unit time of natural gas, m 3 ; LHV NG is the low calorific value of natural gas, kWh/m 3 .
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Optimization Model

Objective Function
The operation cost of an IES is generally composed of generation cost and depreciation cost, where the power generation cost mainly includes the fuel costs and maintenance costs of the generator set, which are the natural gas cost and main grid power cost in this paper, and the depreciation cost represents the costs incurred during the utilization of the equipment, where the depreciation cost of BESS is set as the object due to the great number of investment, and set ignoring the operation cost of renewable energy generation due to its small value in this paper. The target of the objective function is to minimize the operation cost of the IES through arranging the output plan of each controllable unit, and it is a non-convex problem due to the non-convex set of the units' power and the objective of purchasing the best solution. The optimization model is built below to optimize the output of each subsystem in the IES with PV, CHP generation system and BESS. In this paper, T is the time interval of simulation, which represents the step length of optimization. Since the gas turbine has a very fast response time, the T period is set as 5 min [30] . The mentioned optimization model could achieve the purpose of minimizing the operation cost of IES under the system constraints, the objective function is defined as:
where C is the operation cost of IES, yuan (i.e., 0.154 USD); P grid is the main grid exchanged power, kW; when P grid > 0, purchase power from main grid, k t is the purchasing price at time t, yuan/kWh; on the contrary, selling the power to main grid, k t is the selling price at time t, yuan/kWh; P f uel is the natural gas price, yuan/m 3 ; V GT,t is gas consumption at time t, Nm 3 /min; and C bat,dep is operation cost of battery energy storage that is the depreciation costs at per unit of time, yuan:
where C bat is the initial investment cost of BESS, yuan; alt is the total charge and discharge time that from the beginning with the energy storage, min; d act,t is the ampere hour in equivalent discharge current in the unit of time, Γ R is the total throughput, Ah; L R is the cycle number under rated power; D R is rated discharge depth, %; C R is rated capacity under rated discharge current, Ah.
Constraints
IES Operation Constraints
(1) Power balance constraint
where, P load , P thermal are the total electric and thermal load of the IES at time t; P PV (t), P bat (t) and P grid (t) are the electric output power of PV, battery and main grid respectively; P e (t), P h (t) are the electric and heating output power of CHP.
(2) Equipment capacity and climbing rate constraint
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P i,t,max and P i,t,min are the maximum and minimum of the output power for the scheduled components such as battery and gas turbine; The P f ,t,max and P f ,t,min are the maximum and minimum limits of the output power of the nonscheduled power generation unit, such as PV in this paper.
When the scheduled power generation unit increases load or reduces load, there are constraints:
When non-scheduled power generation unit increases load or reduces load, there are constraints:
Storage Constraints
The battery energy storage system should meet the constrains of SOC and power limitation, which are expressed as:
where SOC max ,SOC min are the maximum and minimum constraints of the remaining capacity, P ch,max , P dis,max are the maximum charge and discharge power.
Main Grid Constraint
The electric power exchange with the main grid constraints is expressed as:
where P grid,max is the maximum load exchange power with the main grid, ε pur,max and ε sell,max are the state of purchasing and selling power with main grid.
Optimization Principle
The general optimization principle of IES operation in this paper could be explained as follows: in order to achieve the purpose of operation cost savings, firstly we predict the T period electric, thermal and PV load based on the load characteristics in the T − 1 period. Secondly by utilizing the power of the PV and the CHP to meet the demand of electric and thermal loads, while the CHP power is determined by the heating demand. Viewed in this way, the optimization of integrated energy takes on a different meaning, where the optimization of thermal and electric energy is reflected by the optimization of electricity. One thing that could be clearly foreseen is that the PV and the CHP generation system could not balance the load demand in most situations, which could be expressed with Equation (21) . At that time, the BESS would participate in the energy interaction via charging and discharging, and finally the system maintains its electric load balance through energy exchange with the main grid:
For the flow of energy utilization, in order to maximize the utilization of renewable energy, the scheduling priority is usually given to renewable energy sources [31, 32] , such as photovoltaic power in this paper, then, for the independence of the system, priority is given to energy storage, and finally, the main grid guarantees the balance of load. For the thermal load balance, the output power of the gas turbine is determined by the thermal load, thus the electricity power of CHP is an variable determined by the thermal load value and the electricity to heat ratio.
For the energy exchange, if the battery satisfies the SOC constrain, using the power of energy storage to balance system load, and for the energy exchange with the main grid, if P grid > 0, this means carrying out an electricity purchasing behavior, if P grid < 0, it means carrying out an electricity selling behavior. The optimization process of a typical IES system including PV, CHP and energy storage is shown in Figure 2 . For the optimization process, firstly, the source of energy input is photovoltaic and natural gas, through power generation device solar panels and a CHP system providing heating and electricity power, due to the fact the power of the gas turbine is determined by the heating load, thus the electricity power is set as optimization object in this paper. Secondly, the optimization strategy is set as, when 0    PV e load P P P , saving the excess energy to the battery, if the battery is full, adopting the electricity selling behavior; and when 0    PV e load P P P , the battery is discharging, and if
, adopting the electricity purchasing behavior, satisfying the electric load. The load of the gas turbine is determined by the heating load, and under the situation where the gas turbine cannot ensure the heating load, the outside thermal grid can support the system. Finally, the energy price is a key factor for the optimization, so we use the time of use (TOU) power price according to the electricity price situation.
Methodology of the Improved Differential Evolution Algorithm
Overview of the Differential Evolution Algorithm
The differential evolution algorithm (DE) is one of the optimization techniques and a kind of evolutionary computation technique, introduced by Storn and Price in 1995. The method is widely applied to solve practical optimization problems in various fields involving non-linearity, nondifferentiability, multiple optima, and high dimensionality [33, 34] .
DE initializes a population of NP individuals and employs mutation, crossover, and selection operators at each generation to evolve its population toward the optimal direction, and DE parameters are tuned based on the strategy of adaptive parameter adjustment.
In the first step (initialization), NP individuals are initialized in the population, and each individual is called a target vector: For the optimization process, firstly, the source of energy input is photovoltaic and natural gas, through power generation device solar panels and a CHP system providing heating and electricity power, due to the fact the power of the gas turbine is determined by the heating load, thus the electricity power is set as optimization object in this paper. Secondly, the optimization strategy is set as, when P load − P e − P PV > 0, saving the excess energy to the battery, if the battery is full, adopting the electricity selling behavior; and when P load − P e − P PV < 0, the battery is discharging, and if P load − P e − P PV − P bat > 0, adopting the electricity purchasing behavior, satisfying the electric load. The load of the gas turbine is determined by the heating load, and under the situation where the gas turbine cannot ensure the heating load, the outside thermal grid can support the system. Finally, the energy price is a key factor for the optimization, so we use the time of use (TOU) power price according to the electricity price situation.
Methodology of the Improved Differential Evolution Algorithm
Overview of the Differential Evolution Algorithm
The differential evolution algorithm (DE) is one of the optimization techniques and a kind of evolutionary computation technique, introduced by Storn and Price in 1995. The method is widely applied to solve practical optimization problems in various fields involving non-linearity, non-differentiability, multiple optima, and high dimensionality [33, 34] . DE initializes a population of NP individuals and employs mutation, crossover, and selection operators at each generation to evolve its population toward the optimal direction, and DE parameters are tuned based on the strategy of adaptive parameter adjustment.
In the first step (initialization), NP individuals are initialized in the population, and each individual is called a target vector:
where G is the generation counter; D expresses the number of variables. The second step is mutation, where the mutation operator is applied to generate mutant vector for each target vector. Many mutation strategies have been described in previous studies. A classical strategy is "DE/rand/1":
where F is a scale factor; Γ 1 , Γ 2 and Γ 3 are different random numbers generated from [1, NP] and different from the target vector index i.
In the third step (crossover), DE employs a crossover operator to produce the trial vector u G i between x G i and v G i . The crossover operator performed on each component is shown as follows:
where CR is the crossover rate; j rand is a randomly generated integer in (1, D) . The fourth step is selection. A selection operator adopts a one-to-one competition between u G i and x G i :
DE repeats these three operators until a termination criterion is satisfied. Although with DE it is possible to achieve a global optimal search, it also has the disadvantage of early convergence. There are scattered random configurations at the beginning of the population, but the population density of each generation is relatively high with the development of evolution, so the exchange of information is decreasing. The evolution of individuals in the population uses the greedy selection operation which makes a simple judgment depending on the adaptability and lacks a deep rational analysis.
Improved Differential Evolution Algorithm (IDEA)
This paper introduces a double variation differential strategy to improve the population diversity, which could improve the speed and efficiency of calculation, and the local optimal solution during the iteration is avoided. Thus, due to the objective function in this paper is a non-convex problem, the improvement of the DE algorithm could fit the need of the optimization model, which is embodied in the following aspects:
(1) In the mutation operation, the improved differential evolution algorithm is used to solve the problem of population diversity loss and premature coexistence. The best (i.e., optimal individual) boot mechanism is changed to DS-best (i.e., a descending strategy based on sorting feasible solution). The improved mutation operator is shown as follows:
where i is random number, F is the scaling factor, which has the function of controlling the deviation vector amplification, and the value is generally in the [0,1], x DS G best is a DS-best individual randomly selected from [1,rank(G)] intervals, G m is the maximum number of iterations.
(2) In the process of judging population diversity, in order to avoid the problem that the algorithm falls into a local optimum with the increase of the number of iterations and the decline of population diversity, the population adaptive variance (δ 2 ) is introduced. When the L generation of the population average fitness variance is not improved, it is possible to determine the aggregation phenomenon of the population, so the next generation of the evolutionary population should adopt a mutation strategy to improve the diversity of the population and reduce the probability of the algorithm falling into premature convergence or local convergence. The population adaptive variance δ 2 is defined as follows:
where NP is group size; f i is the i-th individual's fitness, f is the average fitness of the current population. (3) By constructing a compound double mutation strategy, the deficiency of the single mutation strategy of the DE algorithm is made up. The DE/rand/1 operator with better global search performance is used as the mutation strategy 1, and the improved mutation operator DE/rand/2 is used as the mutation strategy 2. At the same time, the population diversity judgment mechanism was adopted to decide the mutation strategy used by various generations. The specific implementation of the dual mutation strategy is shown as follows:
Aiming at the IES operation optimization model constructed in this paper, the basic steps of the improved differential evolution algorithm are shown as follows:
The first step (initialization). It is assumed that there are N i units in the IES, NP is initial population size, x i G is initial position.
The second step: Calculate the current population fitness f i . Enter the objective function (C) of economic operation of IES and constraints (P load , P thermal , P i,t , P f ,t P grid , SOC t ); rank individuals from optimal to inferior according to the fitness and assign sort number.
The third step: Determine the range of the base vectors (rank(G)).
The fourth step: Calculate the changes of variance in current population fitness (∆δ 2 ). We could see the aggregation of the population and determine whether the algorithm is precocious by calculating ∆δ 2 .
The fifth step: Calculate the population variation scaling factor F(i). It is calculated by Equation (26) . The sixth step: Determine whether L reaches the default threshold and perform a dual strategy variation. If the L does not reach the default threshold, the mutation strategy 1 is executed, otherwise the mutation strategy 2 is used for mutation.
The seventh step: The mutant population is sorted and assigned according to the fitness value. Preserving the current optimal solution, if the number of iterations is not less than the maximum number of iterations G m , then the loop ends. That is, the objective function reaches the optimal value; otherwise, the loop continues until the number of iterations is not less than the maximum number of iterations. Combined with the above analysis, the optimization process of IES operation based on the dual variation differential evolution algorithm is shown in Figure 3 . In short, the improved differential evolution algorithm in this paper based on the double variation strategy could improve the validity of the solution, and it is suitable for solving the optimization problem in this paper. The population size and maximum variation generations need to set at first and two discriminant process would be conducted. Figure 3 shows the flowchart of IDEA.
Case Study
Data
In this part, an integrated energy system is modeled to verify the validation of optimization model in this paper, the IES project is selected in a industrial park which mainly contains gas turbine 1.5 MW, photovoltaic 0.4 MWp and battery energy storage system 300 kWh. The structure of the IES project is shown in Figure 4 . In short, the improved differential evolution algorithm in this paper based on the double variation strategy could improve the validity of the solution, and it is suitable for solving the optimization problem in this paper. The population size and maximum variation generations need to set at first and two discriminant process would be conducted. Figure 3 shows the flowchart of IDEA.
Case Study
Data
In this part, an integrated energy system is modeled to verify the validation of optimization model in this paper, the IES project is selected in a industrial park which mainly contains gas turbine 1.5 MW, photovoltaic 0.4 MWp and battery energy storage system 300 kWh. The structure of the IES project is shown in Figure 4 . This integrated energy system could comprehensively regulate the electricity and thermal power in the park, at the same time, it could operate in flexible structure according to environmental conditions to meet the need of electric and thermal loads. This integrated energy system could comprehensively regulate the electricity and thermal power in the park, at the same time, it could operate in flexible structure according to environmental conditions to meet the need of electric and thermal loads.
Load Data
The typical day of the system are shown as follows, the time interval of data acquisition is five minutes. The electric load in the whole year of 2016 is shown in Figure 5 , and the heating load of this IES project is shown in Table 1 . 
The typical day of the system are shown as follows, the time interval of data acquisition is five minutes. The electric load in the whole year of 2016 is shown in Figure 5 , and the heating load of this IES project is shown in Table 1 . This integrated energy system could comprehensively regulate the electricity and thermal power in the park, at the same time, it could operate in flexible structure according to environmental conditions to meet the need of electric and thermal loads.
The Energy Price Data
The price of energy has a great impact on the overall economy of the system. According to the actual situation, the price of electricity selling and the natural gas price are set as fixed prices, while the price of electricity purchasing is fluctuating in three periods, as shown in Table 2 . 
The Energy Storage Data
The total cumulative throughput of the BESS is the 1.8 × 10 8 Ah, the rated discharge depth is 90%, and the number of charge and discharge cycles is 2000. The main parameters of the battery are shown in Table 3 . Table 3 . Main parameter value of lithium battery.
Parameter Figure
Maximum Table 4 lists the gas turbine parameters under the different operating conditions. 
Simulation Results
With the initial data and parameter settings given in Section 5.1, the proposed IDEA is used to obtain the optimization results based on the optimization model. To prove the effectiveness of the improvement of IDEA, the fitness curve is compared with the DE algorithm. The population size is set as NP = 1000, and maximum variation generations is set as G max = 100. The minimum value of each population variation generation is recorded, and the fitness curve and calculation time are generated iteratively, as shown in Figure 6 and Table 5 . As can be seen from Figure 6 , compared with the traditional differential evolution algorithm, this paper uses the double mutation strategy to improve the convergence and robustness of differential evolution algorithm, it could avoid entering the local optimal solution. The optimal solution is found at the 19th time when the T period is iterated 100 times, the total calculation time is 12.0165 s, and the time for getting the optimal result is 2.4984 s. The traditional DE algorithm after 100 iterations, falls into the local optimal solution at the 78th iteration, and the total calculation time is about 16.2836 s. Therefore, it is more efficient and feasible to utilize the improved differential evolution algorithm to obtain this optimal value. In addition, for exploring the impact of the battery lifetime loss to the system operation, three cases are set based on different effective throughput of the battery, which reflects the lifetime loss of BESS:
Case 1: The cumulative throughput of BESS is 7 1.8 10  Ah , which presents a small loss of battery (i.e., 10% lifetime loss).
Case 2: The cumulative throughput of BESS is 7 9.0 10  Ah , which means some loss of battery (i.e., 50% lifetime loss).
Case 3: The cumulative throughput of BESS is 8 1.8 10 Ah  , which means a major loss of battery (i.e., 100% lifetime loss).
According to the load data and parameters setting above, the optimal scheduling in the three cases is calculated through an operation optimization model. The minimum operation cost of three cases are obtained, and the scheduling plan of each unit is shown in Figure 7 . As can be seen from Figure 6 , compared with the traditional differential evolution algorithm, this paper uses the double mutation strategy to improve the convergence and robustness of differential evolution algorithm, it could avoid entering the local optimal solution. The optimal solution is found at the 19th time when the T period is iterated 100 times, the total calculation time is 12.0165 s, and the time for getting the optimal result is 2.4984 s. The traditional DE algorithm after 100 iterations, falls into the local optimal solution at the 78th iteration, and the total calculation time is about 16.2836 s. Therefore, it is more efficient and feasible to utilize the improved differential evolution algorithm to obtain this optimal value. In addition, for exploring the impact of the battery lifetime loss to the system operation, three cases are set based on different effective throughput of the battery, which reflects the lifetime loss of BESS:
Case 1: The cumulative throughput of BESS is 1.8 × 10 7 Ah, which presents a small loss of battery (i.e., 10% lifetime loss).
Case 2: The cumulative throughput of BESS is 9.0 × 10 7 Ah, which means some loss of battery (i.e., 50% lifetime loss).
Case 3: The cumulative throughput of BESS is 1.8 × 10 8 Ah, which means a major loss of battery (i.e., 100% lifetime loss).
According to the load data and parameters setting above, the optimal scheduling in the three cases is calculated through an operation optimization model. The minimum operation cost of three cases are obtained, and the scheduling plan of each unit is shown in Figure 7 . Figure 7a shows the heating and electric load at that typical day. Figure 7b -d respectively convey the scheduling plan of sources in the different BESS lifetime loss scenarios. It could be clearly seem that though we obtain the minimum operation cost in the three cases, the scheduling plans are quite different, that is an extremely thought provoking phenomenon.
Furthermore, the output power of BESS would be affected by different battery states, so it is logical that the battery with less lifetime loss would have a better performance in charging and discharging. In those three cases, the results could be directly reflected by the depth of the battery charge and the discharge depth, which are shown in Figure 8 . In the first case, the battery operation cost is relatively Energies 2018, 11, 1676 15 of 21 low due to the less energy loss, and much more charge and discharge behavior could be carried out by the BESS. In the second case, the operation cost increases, thus the curve falls slowly to 0.42 and no longer continues. In the third case, contrary to the results of the two preceding cases, the battery almost reaches its upper limit of rated cycle times, which results in a high operation cost, and the state of the battery is unchanged. Through the optimization process, the operation cost of the IES in the three cases is obtained, and the operation cost of each unit is shown in Table 6 . Figure 7a shows the heating and electric load at that typical day. Figure 7b -d respectively convey the scheduling plan of sources in the different BESS lifetime loss scenarios. It could be clearly seem that though we obtain the minimum operation cost in the three cases, the scheduling plans are quite different, that is an extremely thought provoking phenomenon.
Furthermore, the output power of BESS would be affected by different battery states, so it is logical that the battery with less lifetime loss would have a better performance in charging and discharging. In those three cases, the results could be directly reflected by the depth of the battery charge and the discharge depth, which are shown in Figure 8 . In the first case, the battery operation cost is relatively low due to the less energy loss, and much more charge and discharge behavior could be carried out by the BESS. In the second case, the operation cost increases, thus the curve falls slowly to 0.42 and no longer continues. In the third case, contrary to the results of the two preceding cases, the battery almost reaches its upper limit of rated cycle times, which results in a high operation cost, and the state of the battery is unchanged. Through the optimization process, the operation cost of the IES in the three cases is obtained, and the operation cost of each unit is shown in Table 6 . 
Results Discussion
For the target of getting minimum operation cost of an IES including BESS, PV and a CHP generation system in this paper, we get the optimal scheduling in three different cases based on an operation optimization model. The improved differential evolution algorithm is used to explore the optimization results. The operation cost mainly includes the operation and depreciation cost of the units, and it could be seen from the results that fuel cost of the CHP generation system represents the largest part of the operation cost, and in Case 1 the cost of purchasing electricity is reduced due to the frequent participation of BESS, in contrast to the system where more cost of purchasing electricity from the main grid exists (Case 3).
The simulation results in this paper highlight that different energy loss states of the battery have an unavoidable influence on optimization results, which is not widely developed in the operation optimization of IES. In contrast with the optimization model in this paper, a simplified optimization model which neglects the depreciation cost of energy storage, is used to reflect the validity of the solution in this paper, and the obtained simulation results are shown in Figure 9 . According to the comparison between the simulation results of the two optimization models, one can see the significant effect that the lifetime loss of BESS has on the optimization results. The case without considering the depreciation of BESS, which results in the more frequent charge and discharge of the BESS, and the optimization results indicate the increase of the power cost of the gas turbine as well as the increase of exchange power with main grid, which could prove that the lifetime loss of battery is an important factor for the optimization, and the optimization model proposed in this paper could get a convincing scheduling plan for the IES.
Finally, the optimization model is applied to obtain the optimal scheduling of an IES project in According to the comparison between the simulation results of the two optimization models, one can see the significant effect that the lifetime loss of BESS has on the optimization results. The case without considering the depreciation of BESS, which results in the more frequent charge and discharge of the BESS, and the optimization results indicate the increase of the power cost of the gas turbine as well as the increase of exchange power with main grid, which could prove that the lifetime loss of battery is an important factor for the optimization, and the optimization model proposed in this paper could get a convincing scheduling plan for the IES.
Finally, the optimization model is applied to obtain the optimal scheduling of an IES project in whole year of 2016, and the analysis of the whole year is used to test the validation of the model. Due to the best economy of operation cost in Case 1, the cumulative throughput of BESS is set as 1.8 × 10 7 Ah, and the optimized results of main grid are shown in Figures 10 and 11 , respectively. According to the comparison between the simulation results of the two optimization models, one can see the significant effect that the lifetime loss of BESS has on the optimization results. The case without considering the depreciation of BESS, which results in the more frequent charge and discharge of the BESS, and the optimization results indicate the increase of the power cost of the gas turbine as well as the increase of exchange power with main grid, which could prove that the lifetime loss of battery is an important factor for the optimization, and the optimization model proposed in this paper could get a convincing scheduling plan for the IES.
Finally, the optimization model is applied to obtain the optimal scheduling of an IES project in whole year of 2016, and the analysis of the whole year is used to test the validation of the model. Due to the best economy of operation cost in Case 1, the cumulative throughput of BESS is set as As shown in Figure 10 , the optimized main grid power in 2016 of the IES is between −389.5 kW to 172.4 kW. The value of the main grid power is mostly negative, which means the system mainly conducts electricity selling behavior, which leads to a delightful independence of the IES. In addition, the optimized main grid power status and project operating cost are compared with the actual power level and actual operating cost of the project. The result is shown in Figure 11 .
The left picture in Figure 11 presents the optimization result of the main grid power, and the right picture shows the actual operation state of the main grid power. The actual main grid power range is between −765.46 kW and 358.45 kW. Compared with the box line graph, it could be seen more intuitively that the purchasing power and the power in real time are respectively reduced compared to the main grid. After optimization, the absolute value of the main grid power is obviously reduced, which shows that the utilization rate of each IES source output after operation optimization is significantly improved. This is mainly reflected in the decrease of electricity selling, and at the same time guaranteeing the utilization rate as much as possible while ensuring the load demand in the project, resulting in a reduction in the purchase of electricity. According to the purpose of getting the minimum operation cost, the operation cost of IES in 2016 is calculated through the optimization model, based on the data of 365 days, and the optimized results are shown in Figures 12 and 13. range is between −765.46 kW and 358.45 kW. Compared with the box line graph, it could be seen more intuitively that the purchasing power and the power in real time are respectively reduced compared to the main grid. After optimization, the absolute value of the main grid power is obviously reduced, which shows that the utilization rate of each IES source output after operation optimization is significantly improved. This is mainly reflected in the decrease of electricity selling, and at the same time guaranteeing the utilization rate as much as possible while ensuring the load demand in the project, resulting in a reduction in the purchase of electricity. According to the purpose of getting the minimum operation cost, the operation cost of IES in 2016 is calculated through the optimization model, based on the data of 365 days, and the optimized results are shown in Figures 12 and 13 . As shown in Figure 12 , the operation cost of the IES project in 2016 is between 3.56 to 19.95 thousand yuan. The operation costs vary in different months of 2016, and as shown in Figure 13 , which reflects the total monthly actual and optimized operation cost of the project, while the actual operation cost is statistical data based on the historical records, the optimized operation cost is based on the optimization model in this paper. It could be seen that the range of the monthly operation costs before the optimization is between 0.268-0.978 million yuan, while the range of the optimized results is between 0.238-0.499 million yuan. We can come to the conclusion that the operation cost is greatly reduced by the optimization model proposed in this paper, which is especially obvious in the peak of the heating load period, where the monthly operation costs are reduced by 0.479 million yuan.
Conclusions
In this paper, an optimization model of an integrated energy system consisting of photovoltaic, CHP and BESS is built, which aims to get the minimum operation cost while considering the lifetime loss of battery life. It is validated in three different cases via the improved differential evolution algorithm. Our work has been presented and applied into an industrial park as a case study. The As shown in Figure 12 , the operation cost of the IES project in 2016 is between 3.56 to 19.95 thousand yuan. The operation costs vary in different months of 2016, and as shown in Figure 13 , which reflects the total monthly actual and optimized operation cost of the project, while the actual operation cost is statistical data based on the historical records, the optimized operation cost is based on the optimization model in this paper. It could be seen that the range of the monthly operation costs before the optimization is between 0.268-0.978 million yuan, while the range of the optimized results is between 0.238-0.499 million yuan. We can come to the conclusion that the operation cost is greatly reduced by the optimization model proposed in this paper, which is especially obvious in the peak of the heating load period, where the monthly operation costs are reduced by 0.479 million yuan.
In this paper, an optimization model of an integrated energy system consisting of photovoltaic, CHP and BESS is built, which aims to get the minimum operation cost while considering the lifetime loss of battery life. It is validated in three different cases via the improved differential evolution algorithm. Our work has been presented and applied into an industrial park as a case study. The innovations and conclusions of work above could be concluded as follows:
(1) The optimization model of IES is established considering the battery lifetime loss. Through the simulation results of three different cases, we could find the lifetime loss of battery has a great influence to the optimization results, which should not be ignored in the relevant research. We believe this solution would provide practical help to following exploration. (2) For the optimization searching, a double variation differential strategy is adopted to improve the population diversity, which improves the convergence speed and diversity of population. The IDEA has the characteristics of high solution speed and high accuracy compared with the traditional DE algorithm, the optimal result could be obtained by iterating the 19th generation under the setting of 100 generations. (3) This paper provides a more economic scheduling for IES operation, the operation optimization model proposed in this paper could effectively reduce the operation cost, and could be applied in other integrated energy systems which have a similar energy structures.
Future work will mainly cover the enrichment of IES system, such as the participation of thermal storage, the energy coupling with cooling load and the price fluctuation of natural gas. The above scenarios and constraints will be taken into consideration in the following study. 
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Nomenclature
P grid
the main grid exchange power, kW p f uel the gas price, ¥/m 3 V gas consumption per unit time, Nm 3 C bat,dep energy storage charging or discharging depreciation costs in unit time, ¥/kWh C el,dep other equipment depreciation costs per unit time Γ R the total throughput L R the cycle number of stored energy under rated discharge depth and rated discharge current D R rated discharge depth C R rated capacity under rated discharge current, Ah D A the actual depth of discharge d act,t the actual discharge current ampere hours in the unit of time, Ah C A actual capacity, Ah C bat the initial investment cost of energy storage, Ah alt the total charge discharge time from the beginning with the energy storage q the number of nonscheduled power generation units P it the power output of the nonscheduled power generation unit at time t, kW P i,t,max the upper bound of the active power output, kW P i,t,min the upper bound of the active power output, kW σ the rate of self-discharged in the unit time η c&dis the battery charging and discharging efficiency SOC t the state of charge at t time
